Introduction
Tobacco has been extensively studied in order to assess the effects of nicotine on the human body. 1 The smoking of tobacco products has been in the etiology of respiratory diseases, cancer and cardiovascular diseases related to arteriosclerosis. 2 The cigarette is a form better known concerning the destination and consumption of tobacco. It is the product more consumed and disposed in the world.
A cigarette contains numerous cytotoxic substances, such as polycyclic aromatics hydrocarbons (PAHs), aromatics amines, nitrosamines, heavy metals, poisonous gases and pesticide residues. 3 Little attention has been given to the presence of heavy metals and other toxic and trace elements in tobacco smoke and their possible effects on biochemical processes in the human body. 1 Therefore, there are no specifications for metal contents in cigarettes. The specifications normal, light, and flavor in cigarettes are related to the content of nicotine and tar present in the smoke.
In cigarettes, element concentrations vary among brands, and even within the same brand. 1 The content in elements of the cigarette can be influenced by such factors as the concentration of these elements in soil, fertilizing practices, and processing conditions. 2 Multi-element analysis techniques have been proposed for the characterization of mineral contents in water, 4 juices and soft drinks, 5 wines, 6 beers, 7 and medicinal plants. 8 Inductively coupled plasma optical emission spectrometry (ICP OES) has been used for determining the mineral content. ICP OES is a multi-element technique with very good detection power, rapidly determining the analytes with high precision. 4, 5, 9, 10 Multivariate methods of data analysis, such as principalcomponent analysis (PCA) and hierarchical cluster analysis (HCA), have been very useful to characterize sample types.
In the present work, the contents of Al, Ba, Ca, Cu, Fe, K, Mg, Mn, Na, P, and Sr were determined in samples of different types of cigarettes (conventional, light, and flavor) by ICP OES after previous acid digestion, and used as chemical descriptors. PCA and HCA were applied to explore the relationship between the mineral content and discrimination among different cigarette types. In this paper we describe our study on the characterization of cigarette samples according to their mineral content. Acid digestion assisted by microwaves was employed, and inductively coupled plasma optical emission spectrometry was the analytical technique used for the determination of Al, Ba, Ca, Cu, Fe, K, Mg, Mn, Na, P and Sr in conventional, light, and flavorized cigarettes. Multivariate techniques, such as hierarchical clusters analysis (HCA) and principal-component analysis (PCA), were applied to discriminate among different types of cigarettes. Cluster analysis and principalcomponent analysis showed differences in cigarettes according to the type and mineral composition. The cigarette samples were divided within the 3 groups according to their mineral composition. Ca, Sr, Cu, K and Na were the most important elements for cigarette classification, and only these 5 variables were sufficient for the classification and discrimination of the evaluated types of cigarettes. Step Power/W Time/min
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Apparatus
Step Power/W Time/min preparation system) was used for sample decomposition. The microwave-heating program is listed in Table 1 . Elemental analysis was carried out in an ICP OES with an axial view configuration (Varian, Australia) and a nebulizer V-Groove. Table 2 gives the analytical lines and the limit of detection (3 × SD of 10 measurements of the blank divided by the slope of calibration curve) used for each element, as well as the instrumental conditions.
Reagents and samples
Monoelemental containing stock solutions of Al, Ba, Ca, Cu, Fe, K, Mg, Mn, Na, P and Sr 1000 μg mL -1 (Spex Sample Preparation, Metuchen, NJ) were used for preparing reference solutions for the calibration curve and optimization of the analytical conditions. Nitric acid 65% (v/v) (Carlo Erba, Milan, Italy) and hydrogen peroxide 30% (m/v) (Merck, Darmstadt, Germany) were used for acid digestion of the samples, both of which were of analytical grade. All aqueous solutions and dilutions were prepared with ultrapure water (18 MΩ cm -1 ), obtained by using a Milli-Q system (Millipore, Bedford, MA).
Cigarette samples
Three different types of cigarettes were obtained from local stores, representing the common types readily available to consumers. Besides conventional brands (designated as N), the following brands were selected for analysis: light (labeled as L) and flavored (menthol) (identified by code F).
Analytical procedure
Microwave sample preparation. Three 0.2-g portions of each individual cigarette sample were homogenized, dried at 60˚C for 12 h and directly weighed in microwave vessels. To each vessel, 3.0 mL of concentrated nitric acid and 1.0 mL of hydrogenous peroxide 30% (m/v) were added. Microwaveassisted acid-decomposition was performed at high pressure (30 bar) and temperature (190˚C). In each decomposition cycle, 6 vessels (1 blank and 5 samples) were used simultaneously. After completing the digestion program, the digested products were transferred to 25.0 mL volumetric flasks, and the volumes were made up with deionized water. The samples were digested in triplicate. Analysis of the elemental content. Two emission lines for each element were tested before selection. The choice of the analytes spectral lines was based on both their sensitivity and spectral interference. Linear concentration intervals for each element range between the detection limit (in concentration units) and a value are less than or equal to the maximal concentration, recommended in the Varian guidelines. The samples were measured in triplicate. Certificate reference material samples, NIST SRM 1515 (apple leaves) were used to validate the sample-preparation procedure and analytical measurements in ICP OES (Table 3) .
Multivariate analysis Data analysis. In this work, data analysis was performed using the software Pirouette 2.2 (Infometrix, Seatle, WA). A data matrix (24 × 11) shown in Table 4 , was constructed with 24 rows representing cigarette samples and 11 columns corresponding to metals concentrations (Al, Ba, Ca, Cu, Fe, K, Mg, Mn, Na, P and Sr). A data pretreatment was applied in order to avoid any differences in the measurement scale. Autoscaling is the most indicated scaling technique in this case (data are mean centered and scaled to unit variance). Hierarchical clustering analysis (HCA). Hierarchical cluster analysis (HCA)'s primary goal is to display the data in such a way as to emphasize their natural clusters and patterns in a twodimensional space. The results, qualitative in nature, are usually presented in the form of a dendrogram, allowing the visualization of clusters and correlations among samples or variables. 11, 12 In HCA, the Euclidean distances between samples or variables are calculated and transformed into similarity indices ranging from 0 to 1; a smaller distance means a larger index, and therefore a larger similarity.
Principal-component analysis (PCA).
PCA is a datacompression method based on the correlation among variables. 13 Its aim is to group those correlated variables, while replacing the original ones by a new set, called the principal components, PCs, onto which the data are projected. These PCs are completely uncorrelated and are built as a simple linear combination of the original variables. It is important to point out here that the PCs contain most of the variability in the data set, albeit in a much lower dimensional space. The first principal component, PC1, is defined in the direction of maximum variance of the whole data set. PC2 is the direction that describes the maximum variance in the orthogonal subspace to PC1. The subsequent components are taken orthogonal to those previously chosen, and describe the maximum of the remaining variance. Once the redundancy is removed, only the first few principal components are required to describe most of the information contained in the original data set. The data 436 ANALYTICAL SCIENCES APRIL 2007, VOL. 23 matrix X (24 × 11) is decomposed into two matrices, T and L, such that X = TL T . The matrix T, known as the "score" matrix, represents the positions of the sample in the new coordinate system (PCs coordinate system). L is the "loading" matrix, whose columns describe how the new axes, i.e. the PC's, are built from the old axes.
Results
Mineral content in cigarettes
The above-mentioned elements were analyzed in 24 cigarette samples. The results, expressed in μg g -1 , were obtained from triplicate measurements by ICP OES (shown in Table 4 ). Looking at these values, Ca, K, Mg, and P are the major elements in all samples. Al, Fe, and Na are elements with an intermediate content. Most of the other analyzed metals appear with values lower than 200 μg g -1 . These concentrations of metals obtained in the cigarette samples, are dependent on a number of factors, including the soil in which the tobacco is grown, the variety of tobacco, and how the tobacco leaves are processed. 2 
Data analysis
Initially, in a HCA and PCA study, 11 variables (Al, Ba, Ca, Cu, Fe, K, Mg, Mn, Na, P and Sr) were considered. Once the types of cigarettes were known "a priori", this information was used to identify which variables were useful for discrimination. Upon a visual inspection of the samples scatter plots, 5 variables (Sr, Ca, Cu, K and Na) were selected for discrimination among the evaluated types of cigarettes. Figure  1 shows scatter plots as an illustration.
Hierarchical clustering analysis (HCA)
HCA results are shown in Fig. 1 . This dendrogram was obtained by calculating the Euclidean distance among samples and grouping them by the complete linkage method. 11 There are 3 main groups for a similarity index of approximately 0.55. As can be seen, the classes F, N, and L are clearly discriminated and distinguished. All samples from each group are clustered, while showing no mixing in different types of cigarettes.
Principal-component analysis (PCA)
PCA was applied to a matrix of 5 analytical parameters for 24 samples. The result of PCA projection of the data from the original five-dimensional space into the plane of the first two principal components, carrying 79.7% of the total variance (Table 5) , is shown in Fig. 2 . Table 4 contains the loadings for three first-principal components with their variances. PC1 describes 50.2% of the variance in the data set, and has high positive loadings for the Na and K and negative loadings for Ca and Cu. On the other hand, PC2, accounting for 29.5% of the original information has a significant contribution from Sr. PC3 (13.6% of total variance) describes the information from Cu. Together, these three PCs account for 93.3% of the total variance in the data.
In the scatter plot of PC1 vs. PC2 (Fig. 2) it can be seen that class L is clearly separated from the other two classes, N and F, in PC1. The N and F samples tend to have negative scores, while in L samples they are positive.
The first-principal component was responsible for the separation of light cigarette samples, while in the PC2 it can be seen that the flavored cigarettes have negative scores, being discriminated from the others. All samples are grouped correctly according to their common source, confirming PCA to be a powerful method for uncovering information contained in cigarettes elemental content analyses.
Through Fig. 3 it can be seen that the group of N samples (PC1) tends to have higher contents of Ca, Cu and Sr, and simultaneously lower contents of K and Na. The position of group-L cigarettes in PC1 indicates that are highly dependent on K and Na present in high concentrations and low dependencies of Ca, Cu and Sr. The group of F samples, besides having fairly high concentration of Ca, tends to have a higher concentration of Cu, but lower on Sr.
Therefore, with the obtained separation among the groups, this data set could be used as a training set to classify future unknown samples of cigarettes and to check for their authenticity. This was not done in this work, due to the sample size.
Conclusions
ICP OES allows for the multi-element determination of many 437 ANALYTICAL SCIENCES APRIL 2007, VOL. 23 samples in a simple and fast way. The generated data can be interpreted easily by using chemometric tools. Good results were obtained using HCA and PCA to differentiate cigarette samples.
The results of the elemental content present in cigarette samples can be used in the discrimination of conventional brands (N), light (L) and flavored (F). Ca, Cu, K, Na and Sr were the most important variables for discriminate cigarette types and to observe their authenticity. 
